http://lamda.nju.edu.cn

FizaiFIerix (part 1)
iEy)Z




Paper LAMm

Transfer Learning in Deep Reinforcement
Learning: A Survey

Zhuangdi Zhu, Kaixiang Lin, and Jiayu Zhou
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Transfer Learning Approaches I:A.,M%
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 Reward Shaping(today)

* Learning from Demonstrations

* Policy Transfer

 Inter-Task Mapping

* Reusing Representations

» Learning Disentangled Representations
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Reward Shaping LAVIDA

Learning And Mining from DatA
http://lamda.nju.edu.cn

* The agent will learn its policy using the newly shaped rewards R’ :
R =R+F

e F: §XS5XA - R

e M= (5,A,T,y,R)) > M = (§AT,y,R")

* Reward Shaping leverages prior knowledge to reconstruct the
reward distributions for the target MDP to bias the agent’s action
selections
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Cycle Dilemma LAVIDA
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+ A0RagentZEYIE (51 = 53 = =+ = 5y = 5¢ —~ ) NMEIE FE |, [ERY
EAIXTRAY FifE
F(Sl,al,sz) + -+ F(Sn 1, Ay 1,Sn) + F(Sn, Ay, Sl) > 0
+ AfAX TagentBHR—EMSIEII—ERKE , RAMEC(IRAIX
20 , URELE
R(Sn, a,, Sl) = R(Sl,al,sz) = o = R(Sn_l,an_l,sn) =0

« F(JFRiIXATagent “distracted” 1

Ab

Hb

HD}

http.//lamda.nju.edu.cn



http://lamda.nju.edu.cn

Cycle Dilemma(cont.) ':A...M!?&

 MDP without reward shaping:

* MDP with bad reward shaping:

‘llil')+1 ‘llili) +1

+100

+100
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Potential based Reward Shaping I:A.,MP?:
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* Potential based Reward Shaping (PBRS) is the most classical RS approach.
F(s,a,s") = y®(s') — d(s)

« PBRSHJEE . Policy invariance , BIEiRFH)IZ0ERERIE R RIEEEIAISRIEFOE
R EH reward Y SRS —E4L,

« BILAEEISIFCycle Dilemmafy|a)Si 22 4Rk -

F(sl, a4, 52) + -+ F(sn_l, An_1, Sn) + F(Sn, An, 51) =0

« without further restrictions on the underlying MDP or the shaping function F, PBRS

Is sufficient and necessary to preserve the policy invariance.

Qm: (s,a) = Qy(s,a) — D(s)

A. Y. Ng, D. Harada, and S. Russell, “Policy invariance under reward transformations:
Theory and application to reward shaping,” in ICML, vol. 99, 1999, pp. 278-287.
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Potential based Reward Shaping I?A.,.MP%
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« MDP with Potential based Reward Shaping

+1 +100
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Proof of sufficient ITAHM%
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JFBellman 5 F2 B EIRTRIE—1 @ (s)

Qis(s, @) — B(s)
= Eg.p [R(s,a,s") + ymax e, Qu(s’,a")] — ®(s)

= Egop ;R(s, a,s') + y®P(s’') + ymax, /4 (Q,@(s’, a') — CI)(S’))] — d(s)
= Ey_p|[R(s,a,5") +y®(s") — O(s) + ymax,rc, (Qr (s, a") — @(s))]

1, (S) € arg maxge,Q,,/ (S, a)
= arg maxges Qu (s, a) — P(s)
= arg maxgea Qpy (s, a)
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Potential Based state-action Advice I:A.,M%
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—

e PBAE7EPBRSHIEM Z FAYY

T

F(s,a,s',a’) = y®d(s',a’) — &(s,a)

- [EHFRE

Qum: (s,a) =0Qu(s,a) — P(s,a)

. Lz%“ﬂfli% , REPBA=>] HHYpolicyF 1@ g [FEreward{S£AYpolicy ~—2K

(BRILABII Oy, (s,0) 1TE L

my(s) = argm

a€ceA

B {/Lpolicy

ax(Q; (s, a) + (s, a))
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Dynamic Potential Based I:A.,M%
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o EBRZFINARIESED
F(s,t,s',t) =yd(s,t') — d(s,t)

* this dynamic approach can still maintain policy invariance where t is
the current time

Qp(s,a) = Qu(s,a) — D(s, t)

+ Ps: SUIFBREREPENTEIZE | (H15)I18— 1 EBER AL IR BE,
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Dynamic value-function Advice I:A.,M%
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» Intention | WNRB—MESHIRFIREL , BEFREIC EXUSAE T EHEHY
L FIRAEY 7

. (BB TS A B IEEF: SXA - R —LWTTEHVKU;M’EN (X
PRELAT LA —/\agent—T-j.__,7<E’jQ/\§§z)  BEEL EES
d(s,a) = F(s,a) ?

» NEEI—MIFIRBERS (s, a) = F(s, ) MUXBRDFBEE R
15, mmicEl 7 EREIRER,
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Dynamic value-function Advice I:A.,M%
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« Example : [RIREFIANAEN (s, )R , 1%F(s,a) =1, EREE
F(s,a) =0
- A, B
F(s,a,s',a’) =d(s’,a’" ) —Pd(s,a) =0—-1=-1

» [HIE , LR EXTER R MEERAY,

§EI3/T\J; , QDEE’%%M?B (s, )RYF , MizalLd(s', a)ReJgeX , EAFs' =
agentEIASs I, KEEMFa ( AJBE ) EIRIRE,
SR, IXESRMDPHIIEXEZE,
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Dynamic value-function Advice I:A.,M%
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» Dynamic value-function Advice(DPBA)HIBir2F H—"NREF® , (&
BF®(s,a) = RT(s,a) , HH R*%’%ﬁé’—“jﬁﬁiw
« Hrb |, FP(s,a) =y®o(s',a') — P(s,a) , XBEREZIFIRIF® (s, 0)iFHE
ZHULTI@?UEI’J RIFIER,
o« TRIETZAY L UNITFEIEREID (s, a).
o [EIIZ—TQERERIEN. :
Q(s,a) =7(s,a) +yQ(s',a’)
« B LA ATVEE—T
®(s,a) = —F%(s,a) + y®(s’,a’)
« HrhF?®(s,a) = RT(s,a)
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Dynamic value-function Advice I:A.,M%
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* Q-learning:
Qr+1(sp,ar) = Qr(s, ap) + a6,
6; = Tey1 T VQi(Seq1, ry1) — Qe(st, ar)
* Dynamic value-function Advice:

CID&;H(S, a) = &.(s,a) + ,Bt&fb
5t¢ =Ti31 T Y P (Se41, A1) — Pe(se ar)

== RN G =]
F(s,a) = y®(s',a") — ®(s,a) = RT(s,a)

http.//lamda.nju.edu.cn



Paper

LAVIDA

Learning And Mining from DatA
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Idea LANVIDA

Learning And Mining from DatA
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° ﬁEHEQ%ﬂL)@*DXAfﬁE
Xs (Starget ) = Ssource

XA (atarget ) = Adsource
 [ERY , E*0fEsource domainFRYE R K&
« 73:%5— [ {(£FDPBARYE A , ©
RT = m(xs(s), xa(a))
« A" {ERPBARGE , <
® ==nm(ys(s), xa(a))
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Experiment: Mountain Car I:A.,M%

 Mountain Car 2D

— the agent is in control of a car and needs to drive this car up a hill. Yet, the car
IS underpowered, and therefore cannot drive up the hill in one go.

— State space: (x, v,)
— Action space: Left, Right, Neutral
* Mountain Car 3D
— State space: (x, vy, Y, V)
— Action space: East, West, North, South, Neutral
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Experiment: Mountain Car ITA.,.MP%
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Mapping: s ((z. iy 1)) = {(az,az) probab?l?ty 0.5
(y,y)  probability 0.5
xA(West) = Left
XA (South) = Left
x A (East) = Right
x4 (North) = Right

x A(Neutral) = Neutral

B (30,1 = 70051(2): Xa0) + 7(x52(s). X 0)
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Experiment: Mountain Car ITA.,.M%

http://lamda.nju.edu.cn

* transferring after 25 or 100 episodes of learning in the 2D Mountain
Car task

Transfer Experiment 1

Steps to goal

Transfer Experiment 2

0 20 40 60 80 100
Episode

http.//lamda.nju.edu.cn



Experiment: Mountain Car

« 25 episodes

* 100 episodes

Steps to goal
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Learning And Mining from DatA
http://lamda.nju.edu.cn
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LAVIDA

Experiment: Cart Pole S L ey B
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» source task: standard Cart Pole task

 target task: Heavy Cart Pole task, as we increase the weight of the
pole from 0.1 to 1.0

* no state or action mappings are required for transfer

1000, o ) 10001 i _ B S R~
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. ~©- Policy Transfer using Shaping 7\ ¢ A y IR X iy B ot oa-N 5&%%‘“ <
800|| [~ Probabilistic Policy Reuse 7% sool 3. & TR/ R g
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o 600 % 2 600" P
> 8 e
2 ] o
Q [} @ L
2 400% & 400 ﬁ
2001 / ——Baseline
200+ =1 -~ Policy Transfer using Shaping
_/ -[=1- Probabilistic Policy Reuse
g = > PTS+PPR
(1( - ! - ! ! 0 200 400 600 800 1000
0 200 400 600 800 1000 Episode

Episode

http.//lamda.nju.edu.cn



Experiment: Mario ITADM%
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Action:
{left,right,no direction}x{jump, do not jump}x{run, do not run}
« State:

— Source domain: four boolean variables
— Target domain: four boolean variables + info about enemies

 Source domain: without enemies
Target domain: with enemies
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Experiment: Mario

Transfer when 25 and 100 episode
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